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Abstract
Current manufacturing systems are subjected to a high level of dynamics due to shorter product lifecycles, 
increasing customer requirements, and high fluctuations in demand. Therefore, present production planning and 
control is required to react quickly and flexibly to this increasing dynamics. Modern ICT merges with logistics 
systems and thus drives the transition from centralized to decentralized production control. Within this context, 
logistic objects receive the ability to communicate with each other and to make autonomous control decisions. 
Assuming bilateral communication between all entities, a linear increase in the number of entities results in an 
exponential growth in the coordination effort. To keep this effort as low as possible and simultaneously ensure the 
achievement of logistical objectives, it is promising to pool several workstations to clusters, so that decision making 
takes place inside the clusters. Clusters can be formed based on the underlying material flow system, modeled as a 
complex network. In this context, recent studies have shown that networks of the same class, such as social 
networks, biological networks, or communication networks have similar characteristics in terms of their cluster 
structure. We hypothesize that this fact is also applicable to material flow networks. Following, the aim of this paper 
is the structural characterization of clusters of material flow networks to support the introduction of decentralized 
control.
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1. Introduction
Increasing complexity and dynamics in current production systems have a direct influence on the logistic targets
high schedule reliability, high capacity utilization, short processing time, and low inventory level. The control of 
these effects with the aim to achieve the logistic targets is the main task of production planning and control (PPC)
[1]. In conventional PPC systems all operations are planned in advance. However, the effects of a dynamic 
production environment can often not be answered satisfactorily. As a result, the logistic performance of the entire 
system can deteriorate [2]. The deterioration can be counteracted by rescheduling the original production plan. But,
the rescheduling requires time to adapt. Meanwhile, the production environment can change again. Therefore, in a 
dynamic production environment, a control system is required, which is able to respond flexibly to changes [1].
Thus, there is a trend towards the development of autonomously controlled production systems. These enable 
logistic objects (for example work stations, orders, or parts) to make decisions independently. When implementing 
autonomous control systems the following three parameters are relevant: control algorithm, technology, and network 
topology. While many researches have addressed the other two factors, the impact of the topology of the underlying 
production system has not been adequately studied [3].
For the first time, the interrelation between network topology and autonomous control has been investigated by 
9UDELþ et al. (2012), using methods from the theory of complex networks. Complex networks are commonly used 
for the analysis of the relationships between various elements of complex systems. To this end, they consist of two 
elements: nodes and edges. In connection with production systems, the nodes represent the work stations and the 
edges the material flow between two work stations. In addition, it is possible to assign various properties to the 
edges. In the context of production systems, the edge weight reflects the amount of material flow between two work 
stations. The result is a weighted and directed material flow network. 
As highlighted by previous studies, there is a positive correlation between network topology and logistical 
performance. Becker et al. (2012) find a connection between logistical performance and the degree of connectivity 
in a material flow network, indicating that there is an optimal degree of connectivity. Furthermore, Liu et al. (2013)
investigated supply networks with different connectivity structures. The results show that the performance measures
order lead-time and efficiency at delivery achieve better outcomes when the supply network have cluster structure.
9UDELþHWDO also propose that autonomous units should be formed to clusters. Following, a cluster in this 
context is a merger of several work stations. As shown in Fig.1, the work stations (nodes) within a cluster are highly
interconnected (large number of edges), they have few connections to work stations outside the cluster. So far, there 
is no information about size and composition of these clusters. However, Lancichinetti et al. (2010) studied 
statistical properties of different real networks. The results show that networks of the same category are identical
with respect to their mesoscopic structure. Material flow networks have not yet been subjected to such an 
investigation. It stands to reason that these networks have also similar cluster structure. The aim of this paper is the 
comprehensive characterization of cluster structure in material flow networks. The findings will help in the 
Fig. 1. Communication between work station agents (nodes) in a material flow network containing several clusters [3].
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implementation of autonomous systems.
The remainder of the paper is structured as follows: In the next section, we provide the fundamentals for 
clustering in complex networks. In Section 3, the methods used in this paper are described. Subsequently, in Section 
4, we present the results. The paper concludes with a summary and suggestions for plans for future works. 
2. Clusters in Complex Networks
In the past few years complex networks have gained increasing attention as a methodology for the description
and modelling of complex systems. This fact can be attributed i.a. to the technological progress in data processing 
and storage. Concrete examples are technological networks (supply chains, airline routes), biological networks 
(metabolic systems, proteins), and social networks (friendships, collaboration of scientists) [8]. Numerous 
contributions have focused on the study of the topology of complex networks. It has been found that a variety of
networks from different origins have similar macroscopic properties, such as scale-freeness and small world 
phenomenon [8]. In scale-free networks, the degree distribution follows a power law, i.e., there are many nodes with 
few connections to other nodes and few nodes with many connections. In small-world networks nodes are on 
average connected to other nodes via relatively short paths. At least the scale-freeness was also detected in material 
flow networks [4, 9]. Recent studies have focused on deeper mesoscopic structural properties of networks. In 
general, in some network areas the degree of connection between certain nodes is higher than to other nodes of the 
underlying network. This characteristic is referred to as cluster. However, depending on the context, the terms 
modules, communities, and groups are often used synonymously for the term cluster [10]. Because of its isolation, it 
is assumed that nodes in a cluster have either similar characteristics or take similar functions in the network [7]. For 
example, in social networks a group of people sharing common interests can be understood as a cluster and clusters
in biological networks represent groups of proteins with similar tasks. Finding such clusters presents a challenge for 
researchers, especially since the results depend significantly on the choice of the clustering algorithm [11]. In recent 
years a number of different clustering algorithms have been developed. A general overview on clustering algorithms 
for graphs and networks can be found in Fortunato (2010) and Schaeffer (2007).
3. Methods
As stated earlier, the purpose of this paper is the characterization of the mesoscopic properties of material flow 
networks. This is illustrated using data from real industrial processes. The datasets are received from the 
Manufacturing Execution System (MES) of machine tool manufacturers. Their manufacturing systems are organized 
following the job shop principle, which means that almost each order has an individual sequence of operations.
Consequently, there is no homogeneous order structure in a job shop manufacturing environment. This fact is also 
reflected in the network topology. We select the ratio between the average weighted node degree (the average 
number of material flow connections every work station has) and the maximal weighted node degree (the maximum 
number of material flow connections a single node has in the network) as an indicator for the heterogeneity of the 
nodes (see values in Table 1): Since the maximal degree is significantly higher than the average degree of all nodes, 
it can be concluded that there is a vast range of node degrees in the network. Another reason for choosing a job shop 
manufacturing scenario for our investigation is the fact that there are no artificially generated clusters (as it is the 
case, for example, in flow production, where the material flow topology is specified by design). Looking at the basic 
characteristics of the two datasets, dataset A contains a larger number of nodes and edges than dataset B.
Consequently, it seems likely that within this network more clusters can be identified.
     Table 1. Network Statistics of the datasets used for the investigation
Dataset Type Number of 
nodes
Number of 
links
Average 
weighted degree
Maximal 
weighted degree
A Job-shop 220 2153 347,43 5473
B Job-shop 50 733 561,42 1916
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The statistics in Table 1 depict the state of the network after the evaluation of all operations over the period of 
one year. However, choosing a different time span results in different characteristics. This is caused by irregular 
distribution of events over time [4, 13]. Consequently, we expect that the observation of different time spans also 
leads to the identification of different cluster structures. To anticipate this behavior, we apply the clustering 
algorithms to different time slots, which we select based on the commonly used planning horizons of one week to
three months in central planning [14].
There is a large number of different algorithms for the identification of cluster in complex networks. For 
example, a distinction must be made between algorithms, which provide disjoint clusters (nodes are included in one 
single cluster) and non-disjoint clusters (nodes are included in several clusters). Furthermore, there are algorithms, 
which disregard edge directions and edge weights [10]. However, they provide important information about the 
network structure. Basically, it may be stated that the choice of an appropriate algorithm depends essentially on the 
context in which it is used and the on network characteristics. The subject of our investigation are directed and 
weighted material flow networks. Consequently, we decided to implement an algorithm, which allows using the 
additional information from the edge directions and the edge weight for the identification of clusters. Besides, our 
aim is to investigate the hidden properties of individual clusters and therefore we assume disjoint clusters are better 
suited for our purpose. The clustering algorithm used in this paper is based on the principle of the spectral 
optimization of modularity [15]. Modularity is defined as the difference between the total number of edges within a 
cluster and the total number of edges in a randomly generated network with the same degree. Initially, the 
implemented algorithm divides the input network in two clusters. In the next step they are further subdivided. Final 
state of subdivision is achieved, when the value of modularity is no longer changing. This algorithm was originally 
developed for directed and unweighted networks. However, it is possible to adjust the underlying algorithm in order 
to include the edge weights [10]. We have decided to adopt this clustering algorithm, because it is an efficient 
algorithm which performs well in different complex networks [15].
Fig. 2. Distribution of cluster sizes for fixed periods of time.
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4. Results
As shown in Lancichinetti et al. (2010), real world networks of the same category have a similar cluster structure. 
We assume that this is also true for material flow networks. For this purpose, we investigated two different data sets. 
To take into consideration the evolution of the network structure over time, we have examined different time slots.
The results presented in Fig.2 confirm the hypothesis that the dataset A provides more clusters than dataset B due to 
its size. Furthermore, for both datasets many small clusters whose size is limited to one to five nodes were 
identified. The results also show that with increasing time slots, the number of identified clusters for both datasets 
decreases steadily. For example, for dataset A the maximal number of clusters with size of one node for the time slot
of one week is 8000 and for the time slot of three months it decreases to 225 clusters. Following, with increasing 
time slot also the number of the network elements increase, so that, overall, larger clusters are identified.
Furthermore, to evaluate the general statistical properties of the cluster structures, we have looked at two 
different measures, weighted network density and maximal weighted degree. The network density is the number of 
existing weighted edges in the network in relation to the number of possible edges (i.e. a hypothetically fully 
connected network). As illustrated in Fig. 3, the density of a cluster decreases with the cluster size if we cluster 
based on the material flow connections within one week. If we increase the time slot of considered material flow,
this relation changes to the opposite.
This is due to the fact that with a larger time slot, the network consist of more nodes and edges. Since the ratio of
edges to nodes is higher for both datasets, the cluster are denser with larger time slots. Similarities in the community
structure can be clearly observed for the time slot one week. Similar results were achieved for the measure maximal 
weighted degree in a cluster. 
As Fig. 4 illustrates, with increasing cluster size the maximal weighted degree decreases for the time slot one
week and two weeks. From time slot of three weeks on the maximal weighted degree increases with larger cluster 
size. Summarized, material flow networks only have for the time slot of one week similar cluster structure. A
possible explanation for this observation can be the fact that we expect a greater variety of orders for larger time 
slots, which causes the emergence of different patterns of clusters. In other words, the effect of the variety in the 
Fig. 3. Scaled link density for different time slots from one week to three months.
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order structure over time dominates the short-term collaborative structures that emerge in the material flow on the 
shop floor. Therefore, we conclude from our findings that for the identification of autonomous acting clusters short 
time slots should be chosen.
5. Conclusion and Research Outlook
The aim of this paper was the characterization of cluster structure in material flow networks for different time 
slots of one week to three months. These networks have directed and weighted edges, which allows to characterize 
the network structure in more detail. Therefore, we have chosen a clustering algorithm which is particularly suited 
for directed and weighted networks. For our evaluation we have used two real datasets of a machine tool 
manufacture with a job shop manufacturing. We were able to show that general statistical properties of cluster 
structure are dependent on the selected time slot. It can be determined that for the relatively short time slot of one 
week the cluster structure is similar for both datasets. Consequently, we recommend for the identification of 
autonomous acting clusters short time slots when implementing autonomous control. Future research is necessary to 
determine the impact of the cluster structure in material flow networks to logistic targets.
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Fig. 4. The maximal degree in a cluster for different time slots.
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